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Abstract—A diverse approach to the quantitative structure—activity relationship (QSAR) of tacrine derivatives against acetylcholin-
esterase (AChE) activity was studied using variable selections of stepwise multiple linear regression (MLR), genetic algorithm (GA)-
MLR, and simulated annealing (SA)-MLR. AChE activity (logRA) of tacrine derivatives was expressed with acceptable explanation
(95.5-95.9%) and good predictive power (94.5-95.2%), respectively, in the models. The best equation was obtained from simulated
annealing (SA) MLR with greater explanatory capability and better prediction, with a smaller standard error than other methods.
The resulting models with the given descriptors illustrate the significant roles of hydrophobic and electrostatic interaction on increas-
ing AChE activity, but hydrophilic and topological feature of molecules were shown to decrease AChE activity.

© 2006 Elsevier Ltd. All rights reserved.

Alzheimer’s disease (AD) is one of the most widespread
and prevalent diseases in Western societies;! it is a pro-
gressive, chronic, and neurodegenerative disorder
accompanied by a loss of memory and cognition.
Although many factors are involved in AD, its patho-
genesis and cause are unclear. The cholinergic hypothe-
sis”> represents one of the most useful approaches
involved in the design of new agents for the treatment
of AD. This concept has led to the development and
commercialization of several drugs in the United States
and Europe for the symptomatic treatment of AD
(Fig. 1). Acetylcolinesterase (AChE) inhibitors such as
tacrine (THA, Cognex®),? 5 donepezil (Aricept®),®? riv-
astigmine (Exelon®),'® and galanthamine (Remi-
nyl®)!12 increase the brain acetylcoline (ACh) levels
by preventing the degradation of the released neuro-
transmitter, thereby enhancing neurotransmission at
cholinergic synapses.”> Tacrine, the first drug approved
in the United States for the treatment of AD, was a po-
tent and reversible AChE inhibitor but reported a num-
ber of side effects, low selectivity, and hepatotoxicity,'3
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Figure 1. Commercial drugs for AChE inhibitors.

and current research has focused on developing a new
drug for the treatment of AD with improved AChE
activity and reduced side effects.

The search for tacrine analogues or related new candi-
dates is still of interest to medicinal chemists involved
in AD research.!*!> In this letter, we report on a diverse
variable selection approach for a quantitative structure—
activity relationship (QSAR) study of tacrine derivatives
and suggest new analogues for the treatment of AD.
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The AChE activity of 80 compounds (a training set of 68
compounds and a test set of 12 compounds from the
whole available compounds with known activity),
11H-indeno-[1,2-b]-quinolin-10-ylamine  derivatives,'®
thio-pyranoquinolines,!” pyranoquinolines and benzo-
naphthyridines,'®2° tacrine-E2020 hybrids,?! bis-tacrine
congeners,?? and tacrine-hurprine heterodimers?? were
taken from published results and used for the present
QSAR study. The log value of the relative activity
(RA) of these compounds was used and was defined as*

logRA = —log[(analogues ICs)/(tacrine ICsp)].

Therefore, the compounds more active than tacrine have
a positive term of logRA value, while the others less ac-
tive than tacrine have a negative term of logRA value.
The observed AChE activity (logRA) and the calculated
activity of tacrine derivatives are represented in Table 1.
Geometry optimization of the molecules was calculated
by the semiempirical quantum-mechanical method with
a PM3 model.>> The equilibrium geometries were car-
ried into TITAN Pro software.®

Regarding the descriptors’ calculation and generation,
the numerical descriptors are momentous features of
the structures of the molecules and can be divided as
constitutional, electrostatic, geometrical, topological,
and physicochemical descriptors. A total of 133 descrip-
tors was calculated for each compound in the data set by
different kinds of software: 110 descriptors were calcu-
lated from PreADME on the Web,?” and 23 descriptors
were obtained using the BioMedCAChe 6.10.28 Table 2
summarizes the descriptors used in this study. The calcu-
lated values of the descriptors used in this work are
shown in Table 3. Since 133 molecular descriptors are
available for QSAR analysis, and only a subset of the
whole set is statistically significant in terms of correla-
tion with biological activities, the obtainment of an opti-
mal QSAR model through variable selection needs to be
the focus. We selected only the variables that contain the
information necessary for the modeling. After this, we
selected a total of 32 descriptors with good correlation
coefficients (R = £ 0.80), the variables containing the
information necessary for the modeling. We performed
the residual analysis and verified the normal distribution
of N (0,1) against each model.

The stepwise multiple linear regression (MLR) proce-
dure was used for model selection and is a common
method used in QSAR studies. The MLR method per-
formed by the software package SPSS 12.0%° was used
for selection of the descriptors. The main goal of the
present work was the development of MLR to predict
AChE activity. As the first step, correlation analysis
was performed for the selected 32 descriptors calculated
for each compound. From a correlation matrix, five
descriptors were shown, and these were chosen for the
QSAR equation. The QSAR equation was obtained
using stepwise multiple regression techniques following
the multilinear form

Y:OC+ﬁ1X1+ﬁ2X2+"'—|—ﬁan—|—£

In this equation, Y is relative activity, X7, X5, and X, are
the descriptors, the intercept («) and the unstandardized

coefficients of the descriptors (f1, fa, - . . , f,,) were deter-
mined using the least squares method, and # is the num-
ber of descriptors. Error term is e.

Computational experiments were performed with simu-
lated annealing (SA) and genetic algorithms (GA) for
the optimization problems resulting from the RV criteri-
on’Y that can be found in the literature, although the
methodology discussed can be extended to any numeri-
cal criterion that may be considered of interest. The RV
indicator was proposed by Robert and Escoufier® to
measure similarity between two configurations of points
in a linear space. The RV-coefficient, for a data matrix
(with p variables/columns) X, and for the regression of
these columns on a k-variable subset, is given by;

_ tr(XX" - (P.X)(P.X)")
Vir(Qor ) (PP )

RV

where P, is the matrix of orthogonal projections on the
subspace defined by the k-variable subset. This defini-
tion is equivalent to the expression used in the code,
which only requires the correlation matrix of the data
under consideration.

The SA algorithm begins with a Monte Carlo method
for examining the equations of state and frozen states
of n-body systems.3! Simulated annealing has been used
in various combinatorial optimization problems and has
been particularly successful in circuit design problems.3?
SA is a stochastic technique derived from statistical ther-
modynamics for finding near-global optimum solutions
to complex optimization problems.

The SA algorithm proceeds stepwise through a search
space defined by all possible solutions to the optimiza-
tion problem. After each iteration (e.g., after a variable
has been removed), the value of the cost function for the
new step is compared to that of the previous step.’? If
the new solution is better than the old one, the removal
of the variable is confirmed. If the new solution is worse
than the old one, there is still a probability, p, for the
removal of the variable to be accepted. This offers the
algorithm the possibility of jumping out of a local opti-
mum.>3*3% Otherwise, the removal of the variable will be
discarded, and the previous step will be the starting
point for the next attempt to eliminate a variable.

The GA is derived from Darwin’s theory of natural
selection and evolution, and is expected to solve these
defects. A genetic algorithm is controlled by biological
evolution rules.® These are stochastic optimization
methods that have been stimulated by evolutionary
principles. The explicit view of a genetic algorithm is
that it explores many probable solutions concurrently.
Lately, GA has been united with MLR for variable
selection, and successful applications have been found
in QSAR studies.?”*® In addition, the descriptors or
the ratios of the numbers of variables and compounds
are statistically well correlated.?* GA has the possibility
to provide some undesired combinations of variables
from the statistical point of view. Also, model validation
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Table 1. Structures, observed (logRA) and calculated AChE activity of tacrine derivatives

HR

N
NH
10 )
R2 N Q R4 AR
R5
1-11 12-14
Mol. ID Structural features AChE activity of tacrine derivatives
R R' R? R? R* R® Obs*  Pred.c Pred. Pred. Resid. Resid. Resid.
(model 1) (model 2) (model 3) (model 1) (model 2) (model 3)
1 H NH, H H H H —-1.373 —1.101 —0.995 —0.789 —0.272 —0.378 —0.584
2 H H Cl H H H —1415 -1.120 —1.483 —1.243 —0.295 0.068 —0.172
3 H H H H OCH; H —1.415 —1.408 —1.459 —1.197 —0.007 0.044 —0.218
4 H H H H H OCH; -—1.236 —1.407 —1.459 —1.197 0.171 0.223 —0.039
5 H H H CH; H H —1.193  —1.268 —1.490 —1.107 0.075 0.297 —0.086
6 H H H H H CH; —1.265 —-1.271 —1.443 —1.107 0.006 0.178 —0.158
7 H H H H Cl H —1.334  —1.155 —1.483 —1.243 —0.179 0.149 —0.091
8 CH; H H H H H —0.716 —1.338 —1.371 —0.996 0.622 0.655 0.280
9b H H H H H H —0.435 —1.365 —1.375 —1.160 0.930 0.940 0.725
10° H H F H H H —0.681 —1.181 —1.156 —0.956 0.500 0.475 0.275
11° H H H OCH; H H —0.806 —1.393 —1.510 —1.197 0.587 0.704 0.391
12 CHOH S — — — — —0.852 —1.184 —1.084 —1.319 0.332 0.232 0.467
13 CHOH SO — — — — —0.745 —0.653 —0.580 —0.880 —0.092 —0.165 0.135
14° CO S — — —0.745 —1.313 —1.194 —1.475 0.568 0.449 0.730
R R R R
157 N\ 7 gt @
R _ — R O [\‘j H N
N, /)~ NH—(CHas—HN— N N, /) ~NH—(CH2)7—NH \ N Pz N/YN ;
H o
m m
15-30 31-39 40-41
Mol. ID Structural features AChE activity of tacrine derivatives
R R! m n Obs.* Pred.° Pred.° Pred.° Resid. Resid. Resid.
(model 1) (model 2) (model 3) (model 1) (model 2) (model 3)
15 H CH 2 6 2.376 1.900 1.517 1.870 0.476 0.859 0.506
16° H CH 2 7 2.409 1.861 1.584 1.673 0.548 0.825 0.736
17 H CH 2 8 2.318 2.223 1.962 2.111 0.095 0.356 0.207
18 F CH 2 6 2.568 2.284 2.052 2.288 0.284 0.516 0.280
19 F CH 2 7 2.744 2.424 2.267 2.407 0.320 0.477 0.337
20 F CH 2 8 2.677 2.579 2.508 2.531 0.098 0.169 0.146
21 Cl CH 2 6 2.744 2.346 1.779 1.945 0.398 0.965 0.799
22 Cl CH 2 8 3.045 2.639 2.292 2.221 0.406 0.753 0.824
23 H N 2 6 1.841 1.714 1.380 1.559 0.127 0.461 0.282
24 H N 2 8 2.244 2.086 1.813 1.792 0.158 0.431 0.452
25 H CH 3 6 2.195 1.939 2.170 2.333 0.186 —0.045 —0.208
26 H CH 3 7 2.091 2.092 2.414 2.462 —0.001 —0.323 —0.371
27 H CH 3 8 2.318 2.238 2.681 2.597 0.080 —0.363 —0.279
28° H CH 1 6 0.462 1.661 0.731 1.283 —1.199 —0.269 —0.821
29° H CH 1 7 0.647 1.810 0.899 1.382 —1.163 -0.252 —0.735
30° H CH 1 8 1.180 1.958 1.093 1.488 —0.778 0.087 —0.308
31 H H n=38 2.398 2.852 2.553 3.034 —0.454 —0.155 —0.636
32 H Cl n==6 2.613 2.803 2.244 2.816 —0.190 0.369 —0.203
33 H Cl n=7 2.780 2.894 2.482 2.961 —0.114 0.298 —0.181
34 H Cl n=38 2.793 3.024 2.740 3.112 —0.231 0.053 —0.319
35 H Cl n=-— 2.807 2.638 2.575 3.025 0.169 0.232 -0.218
(CHy)s-
NMe-
(CHy)s-
36 Cl Cl n==6 2.659 2.993 2411 2.888 —0.334 0.248 —0.229
37 Cl Cl n=17 2.793 3.123 2.672 3.043 —0.330 0.121 —0.250
38 Cl Cl n=38 2.710 3.281 2.940 3.203 —0.571 —0.230 —0.493
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Table 1 (continued)
Mol. ID Structural features AChE activity of tacrine derivatives
R R! n Obs.” Pred.c Pred.c Pred.* Resid. Resid. Resid.
(model 1) (model 2) (model 3) (model 1) (model 2) (model 3)
39 Cl Cl n=- 2.849 2.888 2.779 3.121 —0.039 0.070 —0.272
(CHp)3~
Nme-—
(CHp)s~
40 n=2 1.570 1.122 1.486 1.297 0.448 0.084 0.273
41 n=1 1.340 0.966 1.355 1.254 0.374 —0.015 0.086
42-55 56-59 60-76 77-80
Mol. ID Structural features AChHE activity of tacrine derivatives
R R! R? n  Obs.? Pred.c Pred.c Pred® Resid. Resid. Resid.
(model 1)  (model 2)  (model 3)  (model 1)  (model 2)  (model 3)
42 Et H H 1 -1.079 —1.672 —1.713 —1.600 0.593 0.634 0.521
43 Et 4-CH; H 1 —1.146  —1.587 —1.776 —1.572 0.441 0.630 0.426
44 Et 4-Cl H 1 —1.172  —1.458 —1.693 —1.631 0.286 0.521 0.459
45 Et 4-CN H 1 —1426 —1.836 —1.860 —1.725 0.410 0.434 0.299
46 Et 3-NO, H 1 -1163 -1.727 —1.240 —1.277 0.564 0.077 0.114
47 Et H H 0 1477 —1.895 —1.996 —1.837 0.418 0.519 0.360
48 Et H 2-OCH; 0 -2125 —1.889 —2.121 —1.883 —0.236 —0.004 —0.242
49 Et 3-OCH3 4-OCH; 0 -2176  —2.094 —2.350 —2.065 —0.082 0.174 —0.111
50° Et 4-OCH;3 H 1 -0825 —1.732 —1.739 -1.635 0.907 0914 0.810
51 Et H 2-OCH; 1 —-1.631 —1.737 —1.821 —1.635 0.106 0.190 0.004
52 Et 3-OCHj3; 4-OCH; 1 —1.407 —1.860 —2.037 —1.812 0.453 0.630 0.405
53° Et 4-OCHj3; 3-OCH; 2 =2263 —1.760 —1.790 —1.622 —0.503 —0.473 —0.641
54 Et H 3-OCH3 2 —-1.859 —1.6% —1.491 —1.444 —0.165 —0.368 —0.415
55 Et H 2-OCH3 2 =2.067 —1.635 —1.580 —1.444 —0.432 —0.487 —0.623
56 Et N CH 0 -1.673 —1.897 —1.767 —1.739 0.224 0.094 0.066
57 Et N CH 1 —-1331 -1.686 —1.485 —1.502 0.355 0.154 0.171
58 Et N CH 2 —1788  —1.633 —1.253 —1.316 —0.155 —0.535 —0.472
59 Et CH N 1 —-1706 —1.712 —1.485 —1.502 0.006 —0.221 —0.204
60 Et CH CH 0 -1962 —1.063 —1.590 —1.122 —0.899 —0.372 —0.840
61 Et CH CH 1 -0.801 —0.928 —1.315 —0.888 0.127 0.514 0.087
62° Et CH CH 2 —-0.768  —0.851 —1.090 —0.706 0.083 0.322 —0.062
63° Et CHOCH; H 0 -2023 -1.118 —1.647 —1.172 —0.905 —0.376 —0.851
64 Et CHOCH; H I —-1.839 —0.984 —1.349 —0.928 —0.855 —0.490 —0.911
65 Et CHOCH; H 2 -—1.016 —0.848 —1.109 —0.740 —0.168 0.093 —0.276
66 Et H CHOCH; 1 —0.824 —0.903 —1.349 —0.928 0.079 0.525 0.104
67 Et CHOCH; CHOCH; 1 —0.859  —0.958 —1.653 —1.108 0.099 0.794 0.249
68 Et CHF CH 1 —-059%  —0.728 —1.062 —0.685 0.132 0.466 0.089
69 Et CHF CH 2 —1477 —0.656 —0.841 —0.502 —0.821 —0.636 —0.975
70 Et CHCI CH I —-0.859  —0.660 —1.302 —0.923 —0.199 0.443 0.064
71 Et CH CHNO2 1 -=0713 —-0.924 —0.852 —0.570 0.211 0.139 —0.143
72 Et CHOCH; CHOCH; 2 —-1.551 —0.927 —1.413 —0.921 —0.624 —0.138 —0.630
73 i-Pr  CH CH 1 -0824 —-1215 —1.156 —0.907 0.391 0.332 0.083
74 Et N CH 0 —-1.768 —0.939 —1.332 —1.177 —0.829 —0.436 —0.591
75 Et N CH 1 —1.000  —0.783 —1.056 —0.943 -0.217 0.056 —0.057
76 Et N CH 2 —1.561 —0.698 —0.861 —0.607 —0.863 —0.700 —0.954
77 Et R!=S 0 -2298 —1.962 —2.343 —2.343 —0.336 0.045 0.045
78 Et R'=S 1 —2248 —1.806 —2.060 —2.110 —0.442 —0.188 —0.138
79 Et R'=S 2 =2.012 —1.656 —1.843 —1.926 —0.356 —0.169 —0.086
80 Et NCOCH, I —1.084 —1.790 —1.726 —1.536 0.706 0.642 0.452

#Relative activity (logRA).

® Test set.

“Model 1 (MLR), model 2 (SA-MLR), model 3 (GA-MLR).
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Table 2. Definition of the used descriptors from each model

Descriptors Definition

log P Octanol-water partition coefficient, calculated by Ghose’s atom additive method

SE Steric energy (kcal/mol), the optimization to find a low-energy structure

SIK1 Shape index of order 1 (k;), quantifying the number of cycles in the chemical sample

SIKA3 Shape index of order 3 (k3), quantifying the degree of branching toward the center of the chemical sample
VCIl First-order (bond) valence molecular connectivity index (') for the chemical sample

VDWSURFA Two-dimensional van der Waals surface area

NORB Number of rigid bonds

WNSAIL Surface-weighted charged partial negative surface area, first type

SFE Water solvation free energy, calculated by Ghose’s atom additive method

is necessary to choose the best variable combination
from GA.#°

In this work, we performed SA and GA on a 3.2-GHz
Pentium IV, and the R statistical software package,
called Subselect,*! is free software. The quality of each
model was proven by parameters such as explained var-
iance (R?), cross-validated R? (Q?), the standard error
(SE), the variance ratio of calculated and observed activ-
ities (F), the predicted residual sum of squares (PRESS),
and the standard error of prediction (SDEP).

MLR analysis with stepwise selection was employed to
model the structure-activity relationships into the soft-
ware package SPSS. From the result of the stepwise addi-
tion of terms, we set up the QSAR model 1 and showed
the 95% confidence intervals of the regression coeffi-
cients. In addition, explained variance (R”) and cross-
validated R*(Q%) were well estimated over 94%. AChE
activity (logRA) of tacrine derivatives was expressed
with acceptable statistical significance in model 1:

Model 1

logRA = — 5.094(+0.456) + 0.207(-:0.047) log P
— 0.017(=£0.008)SE + 0.679(+0.096)VCI1
— 0.258(=0.040)SIK 1 — 0.112(40.013)SFE

n=68, R=0.978, R>=0.957, Q*=0.946, SE = 0.404,
F=278.5 (df 5, 62), PRESS = 10.101, SDEP = 0.224.

In the MLR model, n is the compound’s number, F is
the F-ratio, and df is degree of freedom. The regression
coefficient in the model is significant at the 95% level.
Model 1 could explain and predict 95.7% and 94.6%
of the descriptors, respectively. The residuals of model
1 have the average value, —1.8 E—16. The calculated val-
ues according to model 1 are represented in Table 1.
AChE activity relates to the blood-brain barrier, so
AChE activity should be considered in terms of the
lipophilicity and the electronic contribution in each
molecule. The positive coefficient of molecular hydro-
phobicity (log P) is considered as brain uptake of drugs
and the descriptor (VCI1)** indicates the degree of
branching, connectivity of atoms, and the unsaturation
in the molecule, and in a number of cases, it has been
found to be significantly correlated with the hydropho-
bic property of the molecules. Whereas the negative
coefficient of the solvation free energy (SFE) expresses

hydrophilicity, and the steric energy (SE) and the Kier
shape index first-order (SIK1)**** influence active site
of AChE. We schematized that the model is able to ex-
plain good correlation with the scatterplot (Fig. 2).

A SA algorithm focuses on a substitute for the full set
around a used RV criterion. The whole process of vari-
able selection is repeated a fixed number of times for
monotonically decreasing annealing temperatures.*’
After every change in the annealing temperature, the
algorithm starts selecting variables from the complete
set of variables. An initial k-variable ranging five vari-
ables of a whole set of p variables is randomly selected
for this algorithm because five variables showed good
explained variance (R?) and cross-validated R* (Q?) val-
ues than other things. In this work, we used 2000 itera-
tions and 20 solutions. These selected variables used
MLR analysis with a stepwise selection, and we estimat-
ed selected variables according to significance at the 95%
level repeatedly. The best selected variables were em-
ployed to model SA-MLR. The model was established,
leave-one-out (LOO) was calculated, and the activity
of AChE was represented by the resulting equation.
The best equation derived was the following (model 2):

Model 2

log RA = — 1.993(40.561) + 0.764(0.218)SIKA3
+0.104(£0.262)NORB — 0.081(+0.013)SFE
— 0.027(+0.003)VDWSURFA
+0.027(+0.004) WNSA1

n=68, R=0.979, R*>=0.959, 0*=0.952, SE =0.395,
F=290.8 (df 5, 62), PRESS = 9.691, SDEP = 0.233.

Model 2 shows excellent equation statistics and cross-
validation parameters. From the result of SA-MLR
the regression coefficients in model 2 are significant at
the 95% level. Model 2 could explain and predict
95.9% and 95.2%, respectively, of the variance of the
AChE activity. The estimated values using model 2 are
shown in Table I; also, the SE has a very small value
and the residuals of model 2 have the almost absolute
zero, —8.12E—16. The positive coefficient of the Kier
shape xo index third-order (SIKA3)*4* stresses the
importance of branching at the extreme part of the mol-
ecule for AChE activity. The number of rigid bonds
(NORB) indicates flexible bonds of tacrine on the end
position and the increment of NORB increases AChE
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Table 3. Values of the descriptors in the data set in this work
Mol. ID log P SE SIK1 SIKA3 VCIl1 VDWSURFA NORB WNSAL SFE
1 2.687 —21.759 12.719 1.427 6.297 221.967 35.000 28.190 —18.510
2 3.988 —22.644 12.719 1.506 6.575 225.480 33.000 32.296 —14.110
3 3.218 —19.841 13.648 1.610 6.621 240.135 36.000 29.924 —15.250
4 3.218 —19.905 13.648 1.610 6.621 240.135 36.000 29.924 —15.250
5 3.938 —21.946 12.719 1.376 6.514 225.131 36.000 26.084 —13.360
6 3.938 —22.007 12.719 1.437 6.508 225.131 36.000 26.084 —13.360
7 3.988 —20.616 12.719 1.506 6.575 225.480 33.000 32.296 —14.110
8 3.827 —6.205 12.719 1.437 6.559 228.801 36.000 27.317 —15.060
9 3.470 —21.47 11.796 1.273 6.098 207.899 33.000 26.176 —13.830
10 3.610 —23.366 12.719 1.420 6.197 212.308 33.000 26.657 —16.450
11 3.218 —20.495 13.648 1.544 6.627 240.135 36.000 29.924 —15.250
12 1.295 —17.704 11.111 1.537 6.354 205.608 30.000 24.951 —18.420
13 0.158 —6.047 12.055 1.668 6.854 214.992 31.000 26.724 —24.660
14 0.956 —38.821 11.111 1.456 6.207 200.371 28.000 25.035 —18.620
15 7.493 17.126 26.234 5.056 14.170 460.302 72.000 92.761 —25.720
16 6.198 7.854 27.184 5.364 14.390 473.823 72.000 95.543 —27.220
17 8.286 16.743 28.135 5.796 15.170 494.766 76.000 108.316 —25.400
18 7.772 11.582 28.135 5.460 14.370 469.120 72.000 94.213 —30.960
19 8.168 12.594 29.089 5.824 14.870 486.352 74.000 101.906 —30.800
20 8.565 12.739 30.044 6.210 15.370 503.584 76.000 109.898 —30.640
21 8.529 16.524 28.135 5.725 15.126 495.465 72.000 117.017 —26.280
22 9.322 17.781 30.044 6.490 16.126 529.929 76.000 134.379 —25.960
23 5.802 7.212 26.234 5.006 13.890 456.591 70.000 88.096 —27.380
24 6.594 3.931 28.135 5.743 14.890 491.055 74.000 103.291 —27.060
25 8.286 33.472 28.135 5.796 15.170 494.766 78.000 108.316 —25.400
26 8.682 33.700 29.089 6.178 15.670 511.998 80.000 116.544 —25.240
27 9.078 34.363 30.044 6.580 16.170 529.230 82.000 125.072 —25.080
28 6.700 12.38 24.343 4.361 13.170 425.838 66.000 70.994 —26.040
29 7.097 12.992 25.288 4.697 13.670 443.070 68.000 77.722 —25.880
30 7.493 13.697 26.234 5.056 14.170 460.302 70.000 84.750 —25.720
31 9.128 25.990 31.592 6.144 17.275 553.570 87.000 134.758 —26.070
32 8.854 23.047 30.643 5.771 16.752 536.687 83.000 130.607 —26.670
33 9.250 27.014 31.592 6.117 17.252 553.919 85.000 139.621 —26.510
34 9.646 28.689 32.542 6.480 17.752 571.151 87.000 148.934 —26.350
35 7.641 31.924 32.542 6.332 17.332 590.323 88.000 152.408 —29.650
36 9.372 24.672 31.592 6.090 17.230 554.268 83.000 144.490 —26.950
37 9.768 26.375 32.542 6.451 17.730 571.500 85.000 153.955 —26.790
38 10.164 26.345 33.495 6.811 18.230 588.732 87.000 163.720 —26.630
39 8.159 30.002 33.495 6.659 17.810 607.904 88.000 167.480 —29.930
40 4.989 22.556 24.684 5.322 12.488 441.391 66.000 72.846 —30.860
41 4.665 21.270 23.728 4.931 11.988 424.159 64.000 70.002 —30.700
42 3.255 —18.952 20.280 3.119 9.532 348.861 50.000 46.600 —10.590
43 3.722 —19.539 21.240 3.336 9.943 366.093 53.000 45224 —10.120
44 3.773 —18.871 21.240 3.430 10.010 366.442 50.000 55.298 —10.870
45 3.291 —18.715 22.203 3.380 9.916 372.591 51.000 51.814 —11.200
46 3.209 —19.806 23.168 3.622 10.031 376.999 52.000 61.056 —13.680
47 2.859 —15.041 19.322 2.817 9.032 331.629 47.000 38.527 —10.750
48 2.606 —17.107 21.240 3.118 9.561 363.865 50.000 41.802 —12.170
49 2.353 —7.099 23.168 3.522 10.084 396.100 53.000 38.292 —13.590
50 3.002 —17.467 22.203 3.531 10.055 381.097 53.000 50.413 —12.010
51 3.002 —16.897 22.203 3.423 10.061 381.097 53.000 50.413 —12.010
52 2.749 —11.852 24.135 3.837 10.584 413.332 56.000 47.151 —13.430
53 3.146 -8.675 25.104 4.176 11.084 430.565 59.000 52.863 —13.270
54 3.399 —10.568 23.168 3.870 10.555 398.329 56.000 56.159 —11.850
55 3.398 —13.825 23.168 3.753 10.561 398.329 56.000 56.159 —11.850
56 1.547 —13.872 19.322 2.796 8.882 329.773 46.000 39.106 —14.240
57 1.943 —17.087 20.280 3.097 9.382 347.005 49.000 47.188 —14.080
58 2.339 —11.024 21.240 3.424 9.882 364.237 52.000 52.701 —13.920
59 1.943 —15.586 20.280 3.097 9.382 347.005 49.000 47.188 —14.080
60 3.995 —5.610 19.322 2.730 8.955 329.233 46.000 35.783 —17.980
61 4.391 —4.348 20.280 3.028 9.455 346.465 49.000 43.686 —17.820
62 4.787 0.322 21.240 3.352 9.955 363.697 52.000 49.023 —17.660
63 3.742 —4.281 21.240 3.128 9.478 361.469 49.000 38.820 —19.400
64 4.138 —3.069 22.203 3.438 9.978 378.701 52.000 47.261 —19.240
65 4.535 —1.940 23.168 3.772 10.478 395.933 55.000 52.856 —19.080

(continued on next page)
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Mol. ID log P SE SIK1 SIKA3 VCIl1 VDWSURFA NORB WNSAL SFE

66 4.138 —7.845 22.203 3.438 9.978 378.701 52.000 47.261 —19.240
67 3.886 —6.469 24.135 3.743 10.507 410.937 55.000 43.800 —20.660
68 4.531 -7.713 21.240 3.222 9.555 350.874 49.000 44.120 —20.440
69 4.909 —7.395 21.240 3.336 9.933 364.046 49.000 52.210 —18.100
70 4.927 —2.809 22.203 3.539 10.055 368.106 52.000 49.490 —20.280
71 4.345 —8.648 23.168 3.528 9.954 374.603 51.000 57.863 —20.910
72 4.282 0.752 25.104 4.078 11.007 428.169 58.000 49.363 —20.500
73 1.493 -21.717 19.322 2.748 8.921 327.377 45.000 36.370 —21.470
74 1.890 —21.650 20.280 3.047 9.421 344.609 48.000 44.282 —21.310
75 3.476 —7.651 21.240 3.330 9.805 361.841 51.000 49.645 —21.150
76 4.138 —3.605 22.203 3.438 9.978 363.697 52.000 45.858 —17.090
77 1.941 —6.012 18.367 2.695 9.396 322.301 44.000 37.186 —8.810
78 2.337 —5.975 19.322 3.003 9.896 339.533 47.000 45.083 —8.650
79 2.734 —5.542 20.280 3.314 10.396 356.765 50.000 50.476 —8.490
80 1.815 —11.790 22.203 3.298 9.986 382.863 53.000 50.391 —14.960
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Figure 2. Scatterplots of observed versus calculated RA for AChE
activity using model 1 in Orgin 7.0.
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Figure 3. Scatterplots of observed versus calculated RA for AChE
activity using model 2 in Orgin 7.0.

activity. In addition, the surface-weighted charged par-
tial surface area (WNSA1)**4” makes an important con-
tribution for binding to enzyme active site. However, the
van der Waals term (VDWSURFA) reflects the poten-
tial related to the difference between the inter-atomic
distance and the sum of the van der Waals radii. We
show that model 2 is able to explain the scatterplot

(Fig. 3).

The GA-based variable selection method used far fewer
molecular descriptors, which is important for using the
derived model in the QSAR study. These models also
have higher predictive accuracy, especially cross-validat-
ed predictive accuracy. A typical QSAR table consists of
compound rows and descriptor columns. The optimiza-
tion goal is to find a combination of descriptors (vari-
able selection to generate a set of descriptors). With a
known set of variables, a GA finds a k-variable subset
that is best with a given RV criterion. We found that
each cardinality k& was ranging five variables and that
an initial population of 200 k-variable subsets was ran-
domly selected by a whole set of p variables because five
variables showed the best explained variance (R”) and
cross-validated R’ (Q%) values than other variables.
The generation of 10,000 was used as the stopping RV
criterion. To investigate how well GA performed, we
also compared the descriptors to the significant proba-
bilities with all equations obtained from GA. If descrip-
tors did not correlate with the significant probabilities at
95%, they were excluded from the variable set. The GA-
MLR was processed in the same way as the SA method.
A LOO was performed to calculate the activity of the
molecules by the resulting equation. The performance
of the GA is measured by comparison to the root-
mean-square of prediction (RMSEP) of the model
proposed by the GA. Model 3 was derived from GA
variable selection using the RV criterion:

Model 3

logRA = — 3.588(£0.359) + 0.129(£0.054) log P
+0.111(£0.028)NORB — 0.096(£0.012)SFE
—0.017(£0.003)VDWSURFA
+0.020(££0.005)WNSAL
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n=68, R=0.977, R>=0.955 Q*=0.945, SE =0.415,
RMSEP = 0.440, SDEP = 0.223, F=263.3 (df 5, 62),
PRESS = 10.655.

Model 3 with five variables could explain 95.5% of the
variance and predict 94.5% of the variance. The residu-
als of Model 3 showed the almost absolute zero,
—1.23E—15. The presence of two negative descriptors
indicates that the large molecule surface arca (VDW-
SURFA) and high solvation on water (SFE) decrease
AChE activity. The positive coefficient of the molecular
hydrophobicity (logP), the number of rigid bonds
(NORB), and the partial negative surface area
(WNSAI) are important descriptors in favor for the
AChE activity. However, Kier shape index third-order
(SIKA3) is better descriptor than the hydrophobicity
descriptor (log P) because model 2 was derived from
excellent QSAR equation by using SIKA3. The
calculated values according to model 3 are presented
in Table 1. Through this model we designed a scatterplot
(Fig. 4).

In this QSAR study, diverse approach for the variable
selection of stepwise MLR, SA-MLR, and GA-MLR
showed good predictivity. The analysis of the multiple
linear regression models gives an insight into the char-
acteristic features of the tacrine derivatives. The bind-
ing to enzyme active site and the hydrophobicity
increase AChE activity. The results of the QSAR study
suggest that the hydrophobicity value and rigidity of
compounds make increased inhibitory potency of ta-
crine derivatives against respective AChE activity with
preferential order as SA-MLR > GA-MLR > MLR.
However, hydrophilic and topological feature of mole-
cules were shown to decrease AChE activity. The data
presented in Table 1 show that the observed and the
predicted activities are very close to each other evi-
denced by low values of residual activity. Finally, we
found that SA-MLR is the best variable selection
method compared to other methods because this meth-
od has shown greater explanatory capability and better
prediction, with a smaller standard error than other
methods.
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Figure 4. Scatterplots of observed versus calculated RA for AChE
activity using model 3 in Orgin 7.0.
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